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Paper Reading

1. Interactive Medical Image Segmentation Using Deep
Learning With Image-Specific Fine Tuning[1]
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2. Zero Shot Learning via Low-rank Embedded Semantic
AutoEncoder[2]
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3. Spectral k-way ratio-cut partitioning and
clustering[3]
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4. Fine-Tuning Convolutional Neural Networks for
Biomedical Image Analysis: Actively and
Incrementally[4]
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5. Understanding the Disharmony between Dropout and
Batch Normalization by Variance Shift[5]
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